Abstract: Dynamic racial and ethnic transitions are a critically important aspect of urban neighborhood social geography and demography, which receive little attention from urban analysts compared to static racial and ethnic patterns. To determine whether cluster analysis could bring analytic power to the study of neighborhood racial and ethnic change in multigroup context, we performed a case study of Los Angeles County during the period 1990 to 2000, using the prediction strength technique to determine empirically, rather than arbitrarily, how many clusters fit the data. Clustering identifies which combinations of the direction and magnitude of groups' local changes drive local trends across the region and, equally important, those that do not. The case study supports the conclusion that cluster analysis serves as a powerful datamining technique for local racial and ethnic trends, and will yield satisfactory results for any region at any scale.
INTRODUCTION
For more than three decades, extensive immigration from Latin America as well as East and Southeast Asia has transformed the racial and ethnic composition of the United States, and consequently of the nation's neighborhoods. Americans responded to these changes by expanding their thinking about race and ethnicity-and neighborhood racial and ethnic geographies-beyond the post-World War II Black/White dichotomy (which had, in turn, displaced a constellation of immigrant European ethnicities in the minds of mostly northern urban thinkers). By the 1990s, the new racial and ethnic landscape had become transformed, in both research and in the popular imagination, into a loose, fourgroup categorization of Whites, Blacks, Hispanics, and Asians. This categorization was neither mutually exclusive (Hispanics can be of any race) nor exhaustive (South Asians are not generally included in the U.S. interpretation of either whiteness or the shorthand "Asian" designation). But the simple if unsatisfying expedient of lumping together all Hispanics and separating them from the other (racial) groups resolves the first problem, whereas the relative lack of distinct South Asian neighborhoods in the United States 362 REIBEL AND REGELSON makes the latter problem tractable in urban racial and ethnic demography. Much contemporary research on the subject deals with all four groups, either separately or jointly.
In addressing the racial and ethnic ecology of urban neighborhoods, there is a sharp distinction between static patterns of group distribution and dynamic processes of group transition. Static issues include population composition by racial and ethnic subgroup and the relative geographic evenness of composition across local areas (i.e., integration or segregation). Dynamic processes are most fundamentally changes in the group proportional composition of local areas' populations, but that continuous process can be elaborated to include changes associated with the stages of ecological successionpenetration, invasion, tipping, and consolidation. The static patterns and dynamic processes of neighborhood racial and ethnic ecology are different and distinct, and no understanding of local group ecology can be complete without both. But for various reasons discussed below, research on dynamic processes went into steep decline relative to research on static patterns when systematic empirical studies of neighborhood racial ecology became common in the 1950s and 1960s. This imbalance, both in the quantity and detail of research and in the methodologies for empirical analysis in multigroup context, persists today.
This investigation introduces cluster analysis to the study of neighborhood racial and ethnic change using a case study of Los Angeles County during the 1990-2000 period. Our results show that cluster analysis can identify meaningful types of local areas in terms of multigroup racial and ethnic change. The identified clusters reveal much about groups that is not evident from static composition and segregation statistics: not only the group(s) whose growth is driving each cluster, but at which group's or groups' expense that group is growing. Moreover, not all permutations of multigroup change are represented among the clusters into which the data fall; the technique allows us to learn a great deal not only from which patterns of racial and ethnic change drive the observed clusters, but also from which combinations of group change direction and magnitude do not. This particular capability of cluster analysis represents a new contribution to research on neighborhood racial and ethnic transitions.
THE FRAMEWORK OF NEIGHBORHOOD RACIAL AND ETHNIC TRANSITION RESEARCH
For decades now, urban sociodemographic research on race and ethnicity has emphasized the measurement of cross-sectional geographic distributions and patterns, notably segregation. This is in stark contrast to the work of the first generation of such researchers, the early Chicago-school human ecologists. These thinkers left a rich if controversial body of theory on dynamic neighborhood transitions by pursuing the analogy to biological succession (cf. McKenzie, 1924; Park et al., 1925; Park, 1936) . Despite legitimate criticism that human ecology implies urban outcomes are the inevitable result of human nature rather than the artificial product of values, strategies, and constraints (Gottdiener, 1994) , early studies in human ecology laid the methodological foundations for much later work in urban economics, demography, and urban morphology.
The second generation of human ecologists took neighborhood racial and ethnic research in a somewhat different direction through the development of powerful static measures of segregation, such as the index of dissimilarity. Not surprisingly, these analysts generally preferred to employ these new and elegant measures in their empirical work (Duncan and Duncan, 1957; Taeuber and Taeuber, 1965) . The new generation of human ecologists shifted population change studies in three important ways: first, by conceptually linking succession to segregation and group mobility; second, by applying continuously distributed static measures to the analysis of segregation, as distinct from dynamic analysis of neighborhood transitions and the stages of succession; and third, by restricting analysis to the relatively simple case of White-to-Black transitions, which was then dominant in Chicago and other northern U.S. cities. This latter change was in contrast to earlier work that had focused on studies of succession among White ethnic groups (Cressey, 1938) . In the new approach, group ecology and population dynamics at the local level were a zero sum game: in a universe of two groups, proportional change in a given group's numbers was simply the reverse of (one minus) proportional change for the other group. To measure the magnitude of transition became a simple matter of measuring the growing group's proportional gain. Consequently, description and analysis of dynamic transitions in neighborhood racial and ethnic research became less elegant, and to some observers perhaps less powerful, than static measures that capture regional aggregate patterns of local segregation.
Probably as a result of this uneven progress in quantitative methodology, as well as the difficulty of processing neighborhood-trend data, neighborhood racial and ethnic research tended to increasingly examine static segregation patterns only (Massey, 1985; Clark, 1986; Galster, 1988; Massey and Denton, 1988; Morrill, 1995; Frey and Farley, 1996; Krivo and Kaufman, 1999) . Studies of dynamic transitions became correspondingly less numerous in the 1970s and 1980s. By the 1990s, the use of segregation statistics had become so dominant in the field that some investigators were erroneously using changes in aggregate (regional) measures of local-scale segregation to draw conclusions about dynamic neighborhood transitions (McKinney and Schnare, 1989; Massey and Gross, 1991; Smith, 1991; Farley and Frey, 1994; Frey and Farley, 1996) . Such deductions are incorrect because a great deal of local racial and ethnic change may be taking place that might cancel itself out with respect to changes in aggregate segregation statistics. To take only one example, this would happen if (as often occurred) the center of gravity of a racial or ethnic enclave shifted geographically. Both the old core and the new core would experience major transition, but in opposite directions with respect to the group in question. The net effect on segregation statistics could be zero. Indeed, the theory of succession predicts that segregation will decline temporarily as the so-called invading group approaches parity in many local areas, only to rise rapidly after a tipping point is reached and the areas become re-segregated as the territory of the newcomers-a stage process that can be observed for Hispanics in Los Angeles over the last two or three decades. As Alba et al. (1995, p. 651) pointed out: "the stability of the segregation indices [should] not be interpreted to mean neighborhood stability as well." Neither should declines in segregation be interpreted as declines in neighborhood racial or ethnic transition.
NEIGHBORHOOD TRANSITION RESEARCH IN TWO GROUP AND MULTI-GROUP CONTEXT
Of the relatively few more recent studies that have addressed neighborhood transitions directly, most restrict their analysis to the two-group context or to impacts on a single group or groups of interest, rather than simultaneous multigroup analysis (Lee et al., 1985; Massey et al., 1994; Ellen, 2000; Freeman and Rohe, 2000) . Some transition studies provide empirical evidence regarding the theoretical stages of succession in two group context. Tipping points (thresholds at which the transition process accelerates) are examined in detail in Clark (1991) , Goering (1978) , and Schelling (1971) . Observers also demonstrated different thresholds for the deterrence of in-movers and the causation of out-migration by the declining group-White flight in the normative context (Wurdock, 1981) . This apparent difference was documented by opinion research on residential preferences in various decision situations given a range of racial compositions (Farley, 1978; Schuman et al., 1985; Clark, 1992; Farley et al., 1993; Bobo and Zubrinsky, 1996) .
The rise of metropolitan areas with significant populations of two or more major minority groups has been the most noteworthy development in U.S. racial and ethnic demography since 1970. This change, due largely to the Immigration and Naturalization Act of 1965, transformed racial and ethnic demography, urban geography, and ultimately the cultural constructions of race and ethnicity in the United States. The multiethnic trend was initially reflected in a number of ecological studies from the point of view of the newer prominent minorities (Rosenberg and Lake, 1975; Massey, 1983; Tsai, 1986; Bean and Tienda, 1987) . Subsequently, a number of studies have examined, compared, and contrasted static segregation patterns separately for various groups (e.g., Frey and Farley, 1996; Logan et al., 2004; Johnston et al., 2006) . But the emerging multiethnic setting had changed the basis of the segregation debate in ways that required analysis beyond the familiar measures of single-group segregation (whether from another given group or from all persons outside the group) surveyed in Massey and Denton (1988) .
With respect to temporally static segregation patterns, several studies have attempted such simultaneous joint measures of multigroup segregation. Sakoda (1981) developed a multigroup spatial dissimilarity index D (m) that Wong (1998) elaborated in spatial statistical context. Reardon et al. (2000) decomposed the entropy index measure H (Theil, 1972) to determine the share of total multiple-group segregation attributable to segregation among different combinations of racial groups. White et al. (2005) used multidimensional scaling to simultaneously measure multigroup segregation. Maly (2000) developed a diversity index expressing evenness for all defined groups at once. Reardon and Firebaugh (2002) formally examined the problem of how to directly measure multigroup segregation, and identified six measures across seven criteria.
Just as multiethnic context has transformed the segregation debate by complicating the question "segregation from whom?," it also transforms the debate on transition (as distinct from static segregation) by making dynamic local transitions no longer zero-sum between any pair of groups. Conceptually and methodologically, this is a crucial change because there is no longer any clarity about what combinations of intergroup transitions, in which magnitudes, constitute meaningful transition types or categories. As the new multiethnic landscape of the United States came to be reified into a four-group classification (all Hispanics plus non-Hispanic Whites, Blacks, and Asians), not only did the number of possible combinations of group growth or decline increase from two to 16, but the ranges of change magnitudes now needed to be accounted for in four dimensions rather than along a single continuum.
Researchers responded by developing multiethnic typologies of transition to describe or model the causes and probability of transition as a set of categorical outcomes, using magnitude thresholds for significant group change specified a priori (White, 1984; Denton and Massey, 1991; Clark, 1993; Alba et al., 1995) . Alba et al. (1995) and Denton and Massey (1991) used the neighborhood transition matrix, a way of classifying distributions of transition patterns in local areas. The transition matrix, developed by Denton and Massey, is sophisticated in that it permits researchers to examine every transition permutation in multiethnic context, but it does not provide continuous measures of the magnitudes of multigroup transition. As a result, the determination of group composition upon which a finding of transition depends must rely on an arbitrary threshold of groups' populations in the local area. Finally, transition matrices provide no clues as to which permutations of group change constitute meaningful empirical patterns-that is, which permutations are driving major subsets of observations in the data, and which are not. Thus far, there appears to have been no progress on the theoretical question as to which particular combinations of simultaneous local multigroup change, in terms of direction and magnitude, meaningfully characterize a region-or, for that matter, the nation-during a given transition interval. The clustering techniques discussed in this article are intended as a step in that direction because they allow the analyst to empirically identify the number of meaningful local change profiles in a region, as well as to describe the population subgroup dynamics of those significant change profiles.
Theoretically, there are several ways to measure the continuous magnitude of neighborhood population group change involving both single and multiple groups. Reibel (2003) demonstrated standardizing local proportional change by metropolitan-scale proportional change for a given group to derive a measure of relative reconcentration, pairwise decomposition of proportional change for pairs of groups, and measures of the regional (e.g., metropolitan) unevenness in local transitions. For the purposes of this study, however, a degree of simplicity is called for in the selection of a transition measure. This is because the cluster analysis itself accounts simultaneously for the dynamics of all specified groups measured separately, removing the need for decompositions or complex multigroup measures. For this reason, we cluster the set of simple changes in the proportion of each area's populations belonging to the specified groups (i.e., proportional change).
DATA
The data for this study are census tract-level racial and ethnic counts for the Los Angeles-Long Beach PMSA (Los Angeles County) in 1990 and 2000. Data for 1990 are from U.S. Census files STF 1A and STF 3A; data for 2000 are from the U.S. Census Public Law files.
2 The computation of trend data for census tracts is problematic because the areas are redefined at each decennial census. In order to build a complete dataset for all local areas, it is necessary to obtain or estimate local counts at both the beginning and ending time points of the change interval for a consistent, exhaustive set of areal units. To accomplish that objective, data for this study were standardized to the 1990 tract geography for Los Angeles County using the layering and geo-processing capabilities of GIS software. Year 2000 counts for 1990 tracts that differed from 2000 tract areas were variously computed (by summing in the case of tracts that split between 1990 and 2000) or estimated (by area-based weighting in the case of tract mergers and other fragments).
A further difficulty is the introduction of multirace summary counts in the 2000 census. Again, the challenge is to compute or estimate a consistent set of counts for racial and ethnic subpopulations at given scales. Since multiracial data are not available prior to 2000, presumably the only option is to aggregate multirace counts in some fashion to approximate pre-2000 racial and ethnic categories. For this study, Allen and Turner's (2001) technique of fractional assignment of biracial populations is used. Using data from the U.S. Census Public Use Microdata Samples (PUMS), Allen and Turner derived weights corresponding to primary race identification probabilities for persons identified as biracial. The weights are the probabilities of each person answering one or the other race on the race question, given their biracial permutation inferred from the answers they gave to the pair of ancestry questions included in the PUMS. By applying Allen and Turner's technique of fractionally assigning biracial populations to primary race identification groups in Los Angeles, the authors were able to estimate single-group racial and ethnic identities for 98.85% of the population of Los Angeles County. The remaining 1.15% of the population, consisting of persons reporting three or more races, is not included. All included populations are divided between all Hispanics, non-Hispanic Whites, non-Hispanic Blacks, and non-Hispanic Asians (includes Pacific Islanders). Non-Hispanic Indians (includes Eskimo and Aleut) and Non-Hispanic Other Race are not included.
3 For the sake of brevity, we will name the race categories throughout this paper without using the prefix "non-Hispanic," with the understanding that Hispanics can be of any race, and that no Hispanics are included in the racial groups, but rather that all Hispanics of any race are counted in the Hispanic group.
CLUSTERING METHODS
The goal of this study is to demonstrate the use of cluster analysis as a tool to empirically determine meaningful typologies of neighborhood change in a larger region. We see this as a step forward in research on neighborhood population subgroup change in multigroup context, because previous work in this area selected combinations of groups to analyze and set thresholds for defining and classifying significant patterns of change a priori, rather than determining such matters empirically.
Several types of clustering algorithms exist, but for this study we selected "partitioning around medoid" (PAM) clustering (Kaufman and Rousseeuw, 2005) . PAM clustering is a variation on the popular k-means clustering algorithm (Hartigan and Wong, 1979) . In clustering on J variables, k-means minimizes within-cluster (J dimensional) distance from the means of K clusters. The number of clusters K is specified a priori. In contrast to k-means, PAM minimizes within-cluster distance from cluster medians instead of distance from cluster means. This makes PAM clustering more robust, because it is subject to less distortion due to extreme values of the specified clustering variables.
The principal potential weakness of both k-means and PAM clustering is that the techniques will divide any dataset into k clusters per the analyst's instructions, regardless of whether the number of clusters specified a priori by the analyst best fits the data. Such an a priori specification of the number of clusters would not necessarily defeat the purpose of applying cluster analysis to the neighborhood transition problem in multigroup context, but we preferred, when possible, to extend the empirical spirit that guides the project to the specification of the number of clusters. Our solution is the prediction strength technique developed by Tibshirani and his colleagues (Tibshirani and Walther, 2005) .
Tibshirani prediction strength (TPS) is not a clustering algorithm. Rather, it is a supervised classification technique that uses resampling to internally validate the proper number of clusters into which data naturally fall. In each iteration at each level of k (i.e., each specified number of clusters), the data are divided into a training set and a test set. A clustering algorithm is applied to the training set, resulting in a set of clusters. Each element in the test set is then assigned to a predicted cluster based on the training cluster whose characteristics would best fit that test set element's data values. In our case, using PAM clustering, test set elements are assigned to the predicted (training set) cluster that minimizes distance from the medians of the j measures used. The clustering algorithm is then run on the test set, resulting in a set of observed cluster values for each test set element.
The calculation of prediction strength involves examining each pair of test set data points that fall into the same observed cluster. Each of these pairs can either fall into the same predicted cluster or not. These patterns result in a prediction score for each cluster in the test set that expresses the proportion of pairs of test-cluster-mated observations that also share the same predicted cluster. In each iteration, prediction strength is the minimum prediction score across the test set clusters. The overall prediction strength for each level of k is simply the mean of prediction strength scores over repeated iterations of randomly dividing the data into test and training sets.
The procedure is run for each level of k from 2 to some specified maximum (kmax). There is no absolute threshold of prediction strength that determines the maximum number of allowable clusters. Rather, like significance levels in hypothesis testing, prediction strength tells the relative confidence we have that a given number of clusters are appropriate or meaningful. Hypothetically, when a single group (i.e., the entire population) is specified, prediction strength for group agreement is perfect (or equal to 1.0). Prediction strength then declines gradually as the number of clusters increases, then usually reaches a tipping point after which the specification of an additional cluster causes prediction strength to decline much more rapidly. The proper number of clusters prescribed by the technique is the largest number that can be accommodated before triggering an acceleration in the decline of prediction strength. Thus, in our study, we used counts of the four principal racial and ethnic populations (all Hispanics plus non-Hispanic Whites, Blacks, and Asians) to form a four-dimensional vector for each census tract in Los Angeles County. We applied the prediction strength method with PAM clustering and Euclidean distance to establish the number of clusters that best describe the structure of the data. Table 1 displays descriptive statistics for each group and between-group correlations. Noteworthy is that the intergroup proportional change correlation for Whites and Blacks is a smaller negative magnitude than that for Whites and Hispanics. This means that countywide, Whites tend to redistribute in ways that separate them less from Blacks than from Hispanics. This finding is contrary to Clark (1992) , who reported little difference in Whites' preferences for Black and Hispanic concentrations, but the finding might be attributable less to preferences than to the rapid pace of Hispanic growth relative to both Blacks and Whites and the consequent trend toward consolidation and resegregation of Hispanic populations during the 1990s in Los Angeles.
RESULTS
Using the Tibshirani Prediction Strength method, we determined that the data for proportional change across our four racial and ethnic groups fall into five clusters. Figure 1 reveals measures of agreement for hypothetical classifications using two through ten clusters. From Figure 1 , we can see that prediction strength in the data for three clusters (usually the minimum number for a meaningful classification) is a very robust .824. Prediction strength for four clusters declines by .062; adding a fifth cluster results in a further decline of only .037. Adding a sixth cluster, however, results in a decline of .104-a tripling of the incremental rate of prediction strength decline from the fivecluster level. The TPS level at five clusters remains high at .725, meaning that 72.5% of the observations that co-cluster in the training set also co-cluster in the test set. The fivecluster classification also yields clusters that are all of reasonably large size: the smallest of five clusters contained 176 observations. We therefore conclude that five clusters best fit the data. Table 2 shows that cluster 1 fairly closely echoes the proportional change dynamics of each group countywide. Cluster 2 corresponds to explosive Hispanic growth and dramatic White declines, while cluster 3 conversely is characterized by smaller Hispanic gains and smaller White losses than the county norm. Cluster 4 is driven by unusually large Black proportional declines, while for cluster 5 the defining feature is rapid Asian gains. Figure 2 displays the geographic distribution of proportional change clusters. Cluster 1, the "neutral" cluster (i.e., close to countywide norms), is relatively dispersed, with modest concentrations in the southwestern suburbs of Torrance and Gardena as well as Culver City and adjacent areas of the near West Side. In general, cluster 1 tracts are peripheral existing neighborhoods with moderate home prices. Local areas that score in such a "neutral" cluster experience racial and ethnic change in close proportion to the corresponding countywide changes. This indicates that population redistribution for such areas in Los Angeles County will result in declining levels of segregation if the observed pattern continues. Cluster 2, corresponding to the areas of greatest Hispanic proportional gains, is concentrated in the San Fernando Valley, the southeastern suburbs, central San Gabriel Valley, and the city of Pomona on the eastern edge of the county. Ecologically, these are areas entering the later stages of succession from non-Hispanic White (mixed White and Black in the case of Pomona) to Hispanic. Cluster 3, representing relatively low Hispanic proportional gains and relatively small White declines or White gains, centers on the West Side and East Los Angeles. Ecologically, the West Side is an affluent White enclave, whereas the latter is overwhelmingly Hispanic and working class. At first glance, the identification of such ecologically different local areas in the same change cluster might appear counterproductive from an analytical point of view, but that impression would be a mistake rooted in the overwhelming emphasis on static composition and segregation at the expense of attention to the transitions discussed earlier. In fact, in terms of transitions and group mobility, these areas belong together: it matters that they are experiencing relatively slow Hispanic growth for very different reasons (low Hispanic penetration versus final Hispanic consolidation and resegregation), but it also matters that all are regions that are not becoming more Hispanic as rapidly as most others. It is no less meaningful to group neighborhoods in these transition terms than to group neighborhoods at similar static segregation or composition levels when those neighborhoods are experiencing opposite trends for a given group. Both types of measures and groupings are necessary to capture the full ecological picture of neighborhood racial and ethnic ecology.
Cluster 4, representing ongoing Black deconcentration from historically African American neighborhoods, is centered on those neighborhoods in South Los Angeles and adjacent suburbs as well as nearby districts in mid-city Los Angeles. Essentially all the 
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Black losses in this area were offset by Hispanic gains; non-Hispanic White and Asian populations are of little consequence here both in terms of composition and transition. It is noteworthy that in our case study there is a distinct cluster of Black proportional declines but no corresponding cluster in which Black proportional increase is a motive force of ecological change. This of course reflects the underlying set of tract level trends: countywide, the median proportional tract change for Blacks was an increase of 0.2%. Sixty-three percent of tracts experienced non-negative trends for Blacks, but the deconcentration of Blacks from tracts experiencing Black losses tended to be much greater in magnitude: only 20 tracts experienced a 10% or greater proportional increase in Black population during the interval; 137 tracts experienced a 10% or greater proportional Black decrease.
It is possible that some Blacks leaving historically African American neighborhoods in Los Angeles County are concentrating their redistribution locally outside the county, but adjacent Riverside and San Bernardino counties, which have the fastest growing Black populations in Southern California, experienced an 8.5% decline in Black segregation from Whites between 1980 and 2000 (Logan et al., 2004) . What is clear from our analysis is that there are no large, distinct, destinations for redistributing Blacks within the county, which remained home to over three-quarters of the consolidated metropolitan area's Blacks at the end of the period in 2000. The relative stability of overall Black numbers in Los Angeles County during the two decades, the cluster indicating deconcentration of Blacks, the corresponding absence of a cluster for concentrated Black destinations within the county, and the declining segregation levels of suburbanizing Blacks in adjacent counties combine to suggest that the county's Black population is dispersing in meaningful ways.
Cluster 5, driven by Asian gains, is concentrated in the eastern hills and western San Gabriel Valley. In contrast to the experience of Blacks, the experience of Asians as a group revealed by cluster 5 is one of distinct proportional gains in certain areas. Whereas the concentrations of cluster 5 tracts in the eastern hills and western San Gabriel Valley have many direct links with each other (Allen and Turner, 2002) , they represent distinct ecological processes. The latter area is experiencing spillover growth from an existing core Asian enclave in Monterey Park (Li, 1998a (Li, , 1998b , proportionally displacing Whites in more upscale areas, and primarily Hispanics in other places. It should be noted, however, that the western San Gabriel Valley areas coded in cluster 5 overlap with, but are not identical to, the western San Gabriel Valley Asian enclave: Monterey Park itself, the initial gateway to this area and still among the most concentrated areas of the region in terms of Asian population, is coded cluster 3 rather than cluster 5. This is because Asian consolidation in Monterey Park was already advanced by 1990, leaving little room for further Asian proportional gains. The eastern hills, by contrast, are an unusual example of greenfield ethnic enclave suburbanization. Rather than experiencing displacement or succession, these are fast-growing, high-income, peripheral suburbs whose largely new populations are driven by rapid Asian increases.
DISCUSSION
Because of the large number of possible combinations of group growth or decline at different magnitudes, theoretically infinite variation in local change dynamics is a problem that confronts researchers who analyze neighborhood racial and ethnic transitions in multiethnic context. This problem is both undertheorized and unresolved in empirical research. This study was an initial test of cluster analysis to empirically identify meaningful types of neighborhood racial and ethnic change within a larger region. To this end, we employed prediction strength techniques to identify the correct number of clusters and partitioning around medoids as our clustering algorithm throughout.
The results of our analysis confirm two central assertions. First, cluster analysis can be used as a data-mining tool to impose discipline on the identification of both the number of meaningful neighborhood change types and the particular combinations of group change direction and magnitude that define those types and drive the data. And, second, the resulting transition clusters are fundamentally different from categorizations of neighborhoods based on static composition or segregation.
With respect to the question of identifying meaningful change types, our results show that in the case study area a cluster driven by Black deconcentration fits the data, but a theoretically possible cluster driven by Black reconcentration does not. This does not mean that no tracts in Los Angeles became proportionally more Black during the 1990s; on the contrary, most did. Rather, Black proportional increase in such areas was sufficiently modest that it resulted in dispersion rather than a reconcentration of Blacks. Meanwhile, the departure of Blacks leaving (the minority of) tracts experiencing proportional Black decline was of sufficiently greater magnitude, and the pattern of Black replacement almost exclusively by Hispanics was so consistent that it drove a significant cluster in the data. This finding confirms purely descriptive earlier observations regarding Los Angeles, such as Allen and Turner (2002) , but more importantly our findings demonstrate the clustering method's ability to make such systematic, empirical distinctions across neighborhood multiethnic patterns in any region or nation, regardless of scale or scope.
In addition, the cluster analysis supports the existence of a neutral cluster-that is, one that closely parallels the systemwide (countywide) dynamics of multigroup change. Such a finding is not a foregone conclusion: there is no reason to expect that any local areas will closely parallel the trend at a completely different (e.g., metropolitan) scale, let alone that a group of such local areas will define a meaningful cluster in the regional data. Moreover, such local areas are of great interest because during the trend period (at least) they are experiencing net mobility that appears to be free of any segregating influences. That is not to say that they are currently integrated, but that they are on a path that will lead to integration if followed. Static neighborhood analysis techniques cannot detect such areas. Transition matrices could tell us whether and how many such neighborhoods exist (within thresholds that must be specified a priori, rather than determined empirically), but cannot tell us whether such neighborhoods are driving a meaningful pattern in the dataset.
It bears repeating that neighborhood racial and ethnic transition is not a byproduct of segregation, but rather vice versa. By the same token, measures of transition are not alternative specifications of composition or segregation measures; rather, they measure something with consequences for composition and segregation, but very different from them. It is true that transition does not distinguish between areas experiencing slow growth for a given group because of lower initial penetration versus final consolidation; information on composition must be added to distinguish between such ecological niches.
But this is no more a flaw than segregation indices are flawed because they cannot distinguish between areas that are integrated for a given group because of rapid penetration versus areas that are not changing. Each type of measure tells only half the ecological story.
For example, the area sprawling for miles east and south of downtown Los Angeles ranges from over 60% to very nearly 100% Hispanic according to the 2000 census. Our analysis showed that this vast region, which appears monolithic when mapped in ethnic composition terms, can in fact be divided into three areas driven by the trend dynamics of three different groups alone or in combinations ( Fig. 1) : rapid Hispanic growth and White decline (cluster 2) in the southeastern suburbs; rapid Hispanic growth and Black decline (cluster 4) in South Los Angeles and adjacent areas; and unusually low growth in the proportion of the population that is Hispanic (cluster 3) in and around eastern Los Angeles, because these areas are already overwhelmingly Hispanic. The cluster analysis technique allowed us to distinguish these very different ecological niches, which may otherwise appear identical in terms of composition and segregation.
